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Vessel Axis Tracking Using Topology
Constrained Surface Evolution
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Abstract—An approach to 3–D vessel axis tracking based on sur-
face evolution is presented. The main idea is to guide the evolution
of the surface by analyzing its skeleton topology during evolution,
and imposing shape constraints on the topology. For example, the
intermediate topology can be processed such that it represents a
single vessel segment, a bifurcation, or a more complex vascular
topology. The evolving surface is then reinitialized with the newly
found topology. Reinitialization is a crucial step since it creates
probing behavior of the evolving front, encourages the segmenta-
tion process to extract the vascular structure of interest and re-
duces the risk on leaking of the curve into the background. The
method was evaluated in two computed tomography angiography
applications: 1) extracting the internal carotid arteries including
the region in which they traverse through the skull base, which is
challenging due to the proximity of bone structures and overlap
in intensity values; 2) extracting the carotid bifurcations including
many cases in which they are severely stenosed and contain calcifi-
cations. The vessel axis was found in 90% (18/20 internal carotids
in ten patients) and 70% (14/20 carotid bifurcations in a different
set of ten patients) of the cases.
Index Terms—Carotid artery, computed tomography angiog-
raphy (CTA), skull base, surface evolution, topology, vessel
tracking.
I. INTRODUCTION
THREE DIMENSIONAL (3-D) vessel segmentation is im-portant in many medical applications, e.g., to improve vi-
sualization, to plan minimally invasive vascular interventions,
to detect and quantify pathological conditions (e.g., stenoses,
plaque, or aneurysms), and to construct geometric vessel models
for hemodynamic modeling.
A large number of vessel segmentation approaches extract
the vessel axis or topology1 prior to segmentation. For example,
the central vessel axis can be approximated by a minimal cost
path between two user defined points [1]–[3], which subse-
quently is used as initialization for segmentation [4]–[6]. Other
approaches have been based on an iterative scheme where the
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1The term “topology” is loosely used to cover all medial axis representatives,
e.g., found by skeletonization.
intermediate segmentation determines the next search direction.
[7]–[10]. Explicit direction estimation typically consists of de-
termining a perpendicular plane, in which the vessel center is
searched and adding a segment to the vessel axis [7], [9], [10].
The approach by Aylward et al. [8] also takes the vessel width
(scale) dynamically into account. A problem that may occur
with iterative approaches is that if the method proceeds in the
wrong direction at one point, there is no mechanism to correct
for this. Furthermore, these approaches often depend on many
parameters and can become complex due to the estimation of
the next direction vector, making them more prone to failure
especially for strongly curved structures, non-tubular structures
(e.g., bifurcations), or vessels with pathological conditions.
In this paper, a new method for vessel axis tracking is pre-
sented. The method is based on surface evolution, and the nov-
elty of the approach is that we use intermediate topology infor-
mation and prior shape information of the desired topology to
steer the surface evolution. This has a number of advantages.
First, the method enables the extraction of a vessel structure of
known topology with minimum user interaction; only a single
seed point is required. For a number of vascular anatomies, this
seed point selection can probably be automated. Second, ex-
tracting and processing the surface topology is a simple and ef-
fective method to utilize prior shape information in surface evo-
lution. Third, the method reduces the risk that the surface will
leak into the background, while still being able to follow vessel
structures distal to the initialization point.
A number of existing approaches have also focused on
improving vessel tracking and segmentation by using prior
shape knowledge, but in different ways than proposed here. To
reduce the risk on leaking, a number of methods have imposed
constraints on the cross-sectional shape of the vasculature.
For example, Nain et al. [11] introduced a “soft shape” prior
that penalizes deviations from a tubular structure by filtering
with a local ball filter. Frangi et al. [12] presented an explicit
deformable model based on B-splines for segmentation of a
single vessel segment. Krissian et al. presented a multiscale
approach based on the eigensystem of the Hessian assuming
either a cylindrical model with Gaussian profile [13], a toroidal
circular model, or a cylindrical elliptical model [14]. Compared
to these approaches, we explicitly impose constraints on the
vessel skeleton, and use a fairly weak boundary description to
guide our tracking algorithm. This can be advantageous e.g.,
in highly stenotic vessels where the cross section can be very
different from circular or ellipsoidal.
II. METHOD
The method is based on evolving surfaces, which can either be
explicit, as in active contours or snakes [15] and region growing
0278-0062/$25.00 © 2007 IEEE
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methods [16], [17], or implicit as in geodesic active contours
[18] and level set based methods [19], [20]. These methods are
closely related. In a seminal paper by Caselles et al. [18] a con-
nection is established between the explicit (i.e., depending on
parametrization) active contour and the implicit geodesic active
contour (GAC). It is shown that GAC extends the basic partial
differential equation (PDE) which governs the level set based
method as given in [20]: one additional term is incorporated into
the PDE of the GAC which allows the contour to track bound-
aries with high gradient variations. Because this level set based
method can be considered an extension to the fast marching and
region growing based methods, we select it as a representative of
this group. Although GAC is more generic, the additional term
is not essential to demonstrate the principle of our method.
In a level set framework, the evolving surface is implicitly
defined as the zero level set of a higher dimensional distance or
level set function . Let denote the position of the evolving
surface. If evolves in the normal direction with speed , i.e.,
, then the embedding of in is given by
. Taking the time derivative results in the standard and well-
known level set equation
(1)
The choice of is crucial for segmentation as it influences the
convergence speed and the accuracy of the final boundary po-
sitions. In this context, “boundary” refers to the boundary be-
tween vessel and nonvessel structures. In our approach, we use
surface evolution as the basis for vessel axis tracking, and the
requirements on are, therefore, different. In particular, the ac-
curacy is of minor importance. Instead, the method is aimed at
tracking of the vessel axis distal to stenoses or regions where
the signal drops, e.g., owing to artifacts. Therefore, a progres-
sive speed function, that may result in the surface evolution to
cross the vessel boundaries (leaking), is taken, defined by
(2)
with denoting the scale at which the image gradient is cal-
culated and a tuning parameter determining the weighting of
this gradient. has range [0,1] and goes to zero for high gradi-
ents in the image (e.g., at a vessel boundary) and goes to one for
homogenous areas (e.g., at the vessel center). Thus, the speed of
the evolving surface is higher along the vessel axis than near the
vessel boundaries. Owing to noise and intensity variations in the
image—the intensity variations can for example be caused by
contrast fluid concentration variations, by the presence of calci-
fications or by imaging artifacts—the boundary definition does
not form a close form which results in leaking of the surface. An
often used approach to reduce the chance on leaking is to impose
a general smoothness constraint by adding curvature tension to
the surface evolution [20]. In our method, we choose to control
the evolution by imposing constraints on the topology.
The method is initialized by placing a single seed in the vessel
of interest, and starting the level set evolution. After iterations
( is empirically set), the segmentation is extracted by thresh-
olding and the topology is approximated by a skeletonization
Fig. 1. Selection of the desired topology with maximum length, incase of a
single vessel segment [(a)–(c)] and in case of a bifurcation [(d)–(f)]. (a) Skeleton
of an intermediate segmentation. (b) Possible path between end points (the end
points are marked dark gray). (c) Another path with maximum length, which will
be selected for reinitialization of the level set. (d) Skeleton of an intermediate
segmentation. (e) Possible bifurcation (marked dark gray) and its three branches.
(f) Another bifurcation and its three branches with maximum total length, which
will be selected for reinitialization of the level set.
algorithm, as described in [21]. The 3-D skeleton often contains
many (spurious) branches as a result of the irregularities of the
boundaries of the segmentation and as a result of leaking into
background. We now require the skeleton to follow a predeter-
mined topology corresponding to the vessel of interest, e.g., a
vessel segment or a vessel bifurcation. This prior shape infor-
mation should be given in advance and is incorporated in the
method as follows.
Vessel segment For each candidate end point, that is, a
skeleton point with exactly one neighbor, the end point is
searched that maximizes the minimum distance between
these points. This path with maximum length is then de-
fined as the newly found topology. Fig. 1(a)–(c) shows this
selection process for a single vessel segment.
Vessel bifurcation For each candidate bifurcation point,
that is, a skeleton point with minimally three neighbors,
three connected but distinct paths with maximum length
are searched. The candidate bifurcation point for which the
total length of the three paths is maximized is then defined
as the new bifurcation point and its paths define the new
topology. Fig. 1(e)–(f) shows this selection process for a
vessel bifurcation.
We discuss possible approaches to follow more complex vessel
structures in Section V. By maximizing the length of the desired
topology, the likelihood that the level set traces a vessel axis
is maximized. The underlying assumption is that the evolving
level set steered by gradient information proceeds fastest along
the vessel axis direction.
The topology criteria are gradually weakened if they cannot
be met. This is the case if no candidate bifurcation or end point
can be found and/or if no desired topology can be matched on
the skeleton. If no bifurcation topology can be found then the
topology of a vessel segment is searched. If that fails then we
have the situation in which the skeleton consists of only one
point, or the situation in which the skeleton forms a closing
curve, possibly with exactly one branch connected to it. In prac-
tice and on real images, it will hardly occur that weakening of
the topology criteria is necessary, since the irregularities of the
segmentation result in a skeleton representation with sufficient
distinct branches. Nevertheless, handling these exceptional sit-
uations improves the robustness of the method.
The resulting topology is then used to reinitialize the level
set which is evolved again for iterations. In this context,
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Fig. 2. The process of segmentation and reinitialization with a shape constraint on the topology. (a) Original 3-D data with severe calcifications and stenosis in
the right branch behind the calcification. A seed point is placed just below the bifurcation. (b) First segmentation after N level set iterations (left), with resulting
skeleton (middle), and found bifurcation (right). (c) Second segmentation after first reinitialization of the level set with previously found topology of the bifurcation.
Shown are the results after again N level set iterations with corresponding skeleton and topology. (d) Third segmentation. (e) Final segmentation, on the right the
final topology. (f) Topology overlaid on the original data.
Fig. 3. The top row shows segmentation results on the data shown in Fig. 2(a)
after N . . . 5N level set iterations, without shape constrained reinitialization.
Leaking is inevitable using a positive speed function. The bottom row shows the
segmentation results with shape constrained reinitializations. Reinitialization is
crucial to reduces the risk on leaking and to enable to impose shape constraints
on the evolution.
reinitialization does not mean rebuilding the level set or dis-
tance function (a common step during level set evolution, e.g.,
see [20]) but evolving the level set again starting from the new
topology. The alternating behavior of segmentation and reini-
tialization with the shape constrained topology is illustrated in
Fig. 2 for a vessel bifurcation representing the main bifurca-
tion of the carotid arteries that branches into the internal carotid
artery (ICA) and the external carotid artery in the neck. Reini-
tialization is a crucial step since it creates probing behavior of
the evolving front, and reduces the risk of leaking into the back-
ground which is inevitable when using a speed function with
positive range (Fig. 3).
Using the gradient based speed function, only two parameters
turn out to be essential and need to be optimized: the number of
iterations after reinitialization and the gradient tuning factor
. Intuitively, determines how hard the evolving surface is
pushing against the boundaries, and determines the strength
of these boundaries.
III. EXPERIMENTS
The method is applied to extract the ICAs and to extract the
main carotid bifurcation in computed tomography angiography
(CTA) data. In the remainder of this paper, these are referred to
as the ICA study and the bifurcation study. In this section, we
Fig. 4. Axial view (one slice) of a typical CTA of the cerebral vasculature (left
frame), with on top the anterior side. The skull base area is approximately in
the center of the image, and is shown enlarged (right frame). To the left and
right of the skull base, the ICAs are visible, denoted by arrows 1 and 2. The
Basilar Artery, denoted by arrow 4, originates from the posterior side of the neck.
Separating the ICAs from the skull base is not a trivial task, since the structures
are lying in proximity and the intensity values strongly overlap (arrow 3).
briefly introduce both studies (Sections III-A and III-B) and de-
scribe the data acquisitions (Section III-C), the qualitative eval-
uation of the extracted paths (Section III-D), the experimental
details (Section III-E), the optimization of the parameters (Sec-
tion III-F), and the quantitative evaluation of the segmentation
results (Section III-H).
A. Carotid Artery Through the Skull Base
Segmentation of the ICAs through the skull base in CTA data
is a challenging task. This is mainly due to the small spatial
separation between vessels and bone and the strong overlap in
intensity values (Fig. 4).
An often used and successful approach is bone masking
[22]–[25] prior to vessel segmentation. However, bone masking
requires the acquisition of an additional CT scan, thereby
increasing the radiation dose for the patient. Alternatives are
methods to directly track the vasculature, but methods that
have been published lack methodological details [26] or are
more complex than our method [10], [26]. In [10], a method
is presented that partitions the data set into a lower and upper
part based on the spatial relationship between bone and vessels.
Then an adaptive tracking approach for the lower, challenging
part is applied. The adaptive tracking approach consists of the
following steps: initialization with a vector, determination of
a next candidate center, generation of a normal vector, ellipse
fitting, determination of the current center point, and checking
of the end conditions. This involves numerous parameters to be
set.
312 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 26, NO. 3, MARCH 2007
B. Carotid Artery Main Bifurcation
CTA is becoming an important modality for carotid artery
stenosis quantification [27]–[30] and plaque characterization
[31], [32]. CTA is considered minimally invasive and provides
3-D information of the carotids, in contrast to the current gold
standard digital subtraction angiography (DSA). Especially
with the introduction of multislice CT, patient studies show
good correlation of stenosis measurements in CTA compared to
DSA [27], [28], [33] and compared with rotational DSA [29],
show high reproducibility of stenosis area measurement [29],
[30], good identification of severe atherosclerotic stenosis [31],
and good identification of carotid occlusions [31], [33].
In view of this development, there is a need of (semi-) au-
tomatic methods for segmentation of the carotid bifurcation in
CTA data. Most carotid artery segmentation approaches have
been developed for magnetic resonance angiography (MRA)
[34]–[36]. Compared to MRA, CTA is more challenging owing
to the presence of calcifications and bone structures. The closest
related work is presented in [6], in which a method is described
and evaluated for automated center lumen line detection in 2-D
slab maximum intensity projection (MIP) CTA data, based on
a minimal cost path approach. The limitations of this study are
that two user defined points are required for initialization, only
single paths are extracted along the bifurcation, parameters are
optimized on the complete data set, and that the method is eval-
uated on 2-D data only. In this work, we apply our method to
extract the complete 3-D topology of the main carotid bifurca-
tion using a single seed point for initialization.
C. Data Acquisition
For the ICA study, a total of thirty carotids of fifteen randomly
selected patients were included. The data, acquired at the UMC
Utrecht on a 16-slice CT scanner (Philips LDT, Philips
Medical Systems, Best, The Netherlands) with 16 0.75 colli-
mation, consisted of approximately 300 slices (512 512) with
in plane resolution of 0.3125 0.3125 mm, slice spacing of 0.5
mm and slice thickness of 1.0 mm. The tube voltage was either
80, 90, or 120 kVp, the tube current varied in the range [80,440]
mAs, and the convolution kernel was type B. Nonionic con-
trast agent (300 mg iodine/mL, Iopromide, Ultravist, Schering,
Berlin, Germany) was injected into the cubital vein: 50 mL at a
rate of 5 mL/s and 20 mL at a rate of 3 mL/s. A 30 mL saline
flush was given at a rate of 3 mL/s.
For the bifurcation study, a total of thirty carotids of fifteen
randomly selected patients were included. The data, acquired
at the Erasmus Medical Center, Rotterdam, on a 16-slice CT
scanner (Siemens Somatom Sensation 16, Siemens Medical So-
lutions, Forchheim, Germany) with 16 0.75 mm collima-
tion consisted of approximately 500 slices (512 512) with
in plane resolution of 0.234 0.234 mm, slice spacing of 0.6
mm and slice thickness of 1.0 mm. The tube voltage was 120
kVp, the tube current was 180 mAs and the convolution kernel
was B30f. Contrast material iodixanol (320 mg iodine/mL, Visi-
paque, Amersham Health, Little Chalfont, U.K.) was injected
into the antecubital vein: 80 or 60 mL at 4 mL/s followed by a
40 mL saline flush at 4 mL/s. Further details of this scan pro-
tocol can be found in [37].
D. Path Evaluation
Evaluation of the extracted paths is done by visual inspec-
tion. A result is considered a success for the if the path along
the vessel of interest is extracted, and is considered a failure
otherwise. Furthermore, an ordering of categories is made
which characterizes the data sets and gives an indication of
the expected difficulty for the method to track the vessel. Four
categories are distinguished; a “patent” vessel indicates the
absence of any pathology, “calcification” denotes the presence
of calcifications, “mild stenosis” indicates a stenosis degree
that falls in the range 1%–69% and “severe stenosis” indi-
cates a stenosis degree that falls in the range 70%–99%. The
presence of calcifications along the vessel is determined by
visual inspection. Every data set gets an unique label given
by its highest rank in this ordering, which simplifies checking
the total numbers. In fact none of the internal carotid data
sets contained stenoses, and most stenosed data sets of the
bifurcation study appeared to have calcifications. The stenosis
degree were assessed by a radiologist by a standard medical
procedure based on visual assessment of the slab MIPs (coronal
and sagittal views) combined with the source images (axial
view) on a Picture Archiving and Communication Systems
(PACS) workstation. The following four ranges were distin-
guished: 1%–29%, 30%–49%, 50%–69%, and 70%–99%.
Since the lowest stenosis degree measured in the patient data
was larger than 29%, the category “mild stenosis” covers the
range 30%–69%.
E. Experimental Details
The level set is implemented using a narrow band with a
width of three voxels and time step . The gradient
based speed function is at scale approximately equal to
the voxel size in the data sets. For the ICA study the scale is
set at , for the bifurcation study the scale is set at
. In order to reduce computational and memory
requirements, a region of interest is selected that includes the
vessel of interest. All data sets were resampled to isotropic
voxel sizes by interpolating interslice resolution in order to
have nonorientationally preferred analysis of the topology. The
method is initialized by manually placing a seed point in the
vessel of interest.
F. Parameter Optimization
We optimize the parameters and on a training set and
then validate the method on a separate performance set. For the
ICA study, ten carotid arteries of five patients are randomly se-
lected from the data sets obtained from the Philips scanner. For
the bifurcation study ten carotid arteries of five patients are ran-
domly selected from the data sets obtained from the Siemens
scanner. The method is applied while varying with step size
10 and with step size 0.1. Pilot experiments on a few data sets
revealed that slightly different ranges of and were required
for the two studies. That is, for the ICA study we let and
vary in the ranges and ,
and for the bifurcation study we let and vary in the ranges
and . The number of
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TABLE I
TOTAL NUMBER OF SUCCESSFUL PATH EXTRACTIONS SPECIFIED FOR
DIFFERENT PATHOLOGICAL CONDITIONS OF THE ICA AND BIFURCATION
PERFORMANCE STUDIES
successes is maximized over and . For the ICA study, an op-
timum was found for and , for the bifurcation
study an optimum was found for and .
G. Performance
With the optimized parameters, the method is then applied to
the remaining twenty carotids of ten patients to assess the per-
formance in both studies (thus a total of twenty different patients
are included). To determine the additional value of introducing
topological constraints during surface evolution, we also run the
method without constrained reinitialization on the optimization
sets with the same parameters.
H. Segmentation Evaluation
The segmentation results of the bifurcation performance
study are quantitatively evaluated. These data sets are selected
because they often contain pathology which are mostly present
around the bifurcation. Two radiologist are asked to manually
segment the lumen around the bifurcation in a total volume of
interest of 100 slices for each data set. Given two segmentations
and , a similarity index (SI) is calculated which is defined
as the overlap in segmentation divided by the average volume,
that is
(3)
The mean SI is given as the mean of all similarity indices of all
data sets.
IV. RESULTS
A. Paths
The performance results of the path extractions are summa-
rized in Table I; the first line gives the results of the ICA study,
the second line gives the results of the bifurcation study.
For the ICA study, a success rate of 18 out of 20 (90%) was
achieved. Sixteen carotids of eight patients of the performance
study are shown in Fig. 5. Pairwise images show a coronal view
of the region of interest and the corresponding segmentation
results. To improve visualization an attempt has been made to
mask bone structures based on intensity thresholding. Clearly,
thresholding is not sufficient and soft tissue of the skull base sur-
rounding the carotids remains present. These coronal, partially
masked views clearly reveal the difficulty of segmentation of the
internal carotids in this anatomical region. One of the two fail-
ures is shown in Fig. 5, last example. This failure appeared in
data set without pathology and after inspection it seems due to a
strong curvature of the vessel restricting the evolving topology.
For the bifurcation study, a success rate of 14 out of 20 (70%)
was achieved. The first thing to notice is that the method fails in
cases comprising a severe stenosis (four times), but in general
succeeds in cases with at most a mild stenosis. Leaving out the
severely stenosed carotids in the studies, success rates of 89%
(optimization) and 82% (performance) are achieved. Some re-
sults and two failures of the performance study, one in the pres-
ence of calcifications and one in the presence of a mild stenosis,
are given in Fig. 6(h) and (i). The behavior in case of a failure is
typical; the method does not proceed at an equal evolution rate
within the three branches owing to contrast variation or stenosis,
resulting in the extraction of a different bifurcation [Fig. 6(j)].
Because of the same reason, the topology sometimes collapses
when iterated further [Fig. 6(k)].
Note that these failures concerned our proposed level set
based method with shape constrained reinitialization. The
experiments without reinitialization showed that the level set
severely leaked into background for all data sets early during
evolution. In some cases, a small part of the vessel was correctly
captured, but for increasing number of iterations, the level set
inevitably started to leak proximal and distal to the initialization
point.
B. Segmentations
In the bifurcation performance study, 14 paths of 20 data sets
have successfully been extracted (see Table I). The (gradient
based) segmentations are compared to the manually obtained
segmentations. The results are summarized in Table II. The radi-
ologists achieve a high similarity (0.92) while the method com-
pared to the radiologists performs less (0.78 and 0.75). Visual
inspection revealed that the gradient based speed function sys-
tematically led to undersegmentation of the lumen. On the other
hand no pathology was included by the method. The underseg-
mentation is caused by the gradient function which was opti-
mized for finding the central vessel axis, and not for accurate
boundary estimation.
V. DISCUSSIONS
An approach for vessel axis tracking based on evolving
surfaces has been presented. By analyzing and processing the
skeleton of the intermediate segmentation results, shape con-
straints can be included such that it follows a vessel structure of
known topology, e.g., a vessel segment or a vessel bifurcation.
The main difference compared to existing shape guided vessel
(axis) tracking approaches, is that we model the topology of
the evolving surface rather than its cross sectional shape. This
approach has three main advantages. First, the cross sectional
does not need to be circular or ellipsoidal shaped, and therefore
vessel tracking is less hampered by vessels with pathology.
Second, with just a single seed point, a vessel structure with a
desired topology can be reconstructed. And third, the method
permits a weak vessel boundary description given by the image
based function which steers the surface in order to overcome
mild stenosis and image artifacts. Normally this would lead to
leaking of the surface into the background, but by collapsing
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Fig. 5. MIPs (coronal view) of sixteen tracked ICAs of eight patients in the skull base performance study. Bone structures are roughly segmented by thresholding
and masked in the original data to improve visualization; the method, however, works on the original data set. One of the two failures is shown in the last example
in the left carotid. See Section IV for discussion.
to a skeleton and extracting the desired topology the chance on
leaking has been reduced.
In this paper, we have emphasized this principle by using the
level set framework with a simple gradient based speed function
while applying the method to difficult segmentation problems
in CTA. Without shape priors, this speed function inevitably led
to leaking of the level set, because it has a positive range. The
method was applied to two CTA applications. The first CTA
application concerned carotid artery segmentation through the
anatomical region of the skull base, which is challenging since
the intensity values of the carotids and skull base overlap and the
structures are lying very close to each other. After optimization
on a separate data set a success rate of 90% was achieved. This
is a very promising result, especially when considering the fact
that the problem of extracting the carotid artery from CTA data
in the region of the skull base was largely an unsolved problem,
and our method was successful without the need of prior bone
masking or bone segmentation. The second CTA application
concerned extraction of the carotid artery main bifurcation in
the neck, which is challenging since most of the carotid bifur-
cation have pathology such as stenosis and calcification. After
optimization on a separate data set a success rate of 70% was
achieved. Whereas these results could not have been obtained
without topology constrained reinitialization, there is still room
for improvement.
Most obvious is refining the speed function by including more
image information or including directional information. Since
reinitialization is an essential step of the method, the speed func-
tion can be refined after every reinitialization by including the
increased amount of available image information. In this way
an adaptive speed function is obtained which can be advan-
tageous for applications involving contrast fluid of which the
fluid concentration can differ significantly for vessel structures
proximal and distal to the initialization point. Second, the pa-
rameters should be optimized on a larger, more representative
group of patient data. Also, it is desirable to obtain manual
vessel segmentations to enable automatic parameter optimiza-
tion. Third, an automated stopping criterion would be desirable.
This can be achieved e.g., by placing an upper limit on the vessel
length that is tracked. Fourth, the failures described in Sec-
tion IV, in particular concerning the bifurcation study [see for
example Fig. 6(k)], suggests that the current method has some
stability issues. This can for example be resolved by the concept
of “freezing,” which was introduced by Deschamps and Cohen
[38]. Also, most failures occur later during the process, because
the level set does not proceed at an equal evolution rate within
the three branches owing to contrast variations or pathology.
A possible solution is prior filtering of the vessel structures.
Fifth, the level set framework is capable of handling topology
changes (splitting and merging of the evolving surfaces) in a
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Fig. 6. MIPs (coronal or sagittal view) of 11 results of the bifurcation performance study. Topology extraction and segmentation in case of a patent bifurcation
(a), calcifications (b) and (c), and mild stenoses (d)–(i). Failures in the presence of calcifications (j) and mild stenosis (k). See Section IV for discussion.
TABLE II
MEAN SIMILARITIES BETWEEN THE METHOD AND TWO RADIOLOGISTS FOR
THE BIFURCATION PERFORMANCE STUDY
natural way, which may conflict with our constraint which is
imposed on the skeleton of a single object. One solution is to
detect the number of connected components after each reini-
tialization and handling each component separately. Sixth, the
method requires only one seed point as initialization which in
many CTA applications can probably be automated. And finally,
the principle of the method can also be applied to more complex
vascular networks than a vessel segment or a vessel bifurcation.
The reasoning for processing the intermediate topologies then
becomes more complex. We discuss two possible approaches.
One approach, for a vasculature with known topology, is trying
to model the topology explicitly. However, this requires infor-
mation of the expected vessel lengths and bifurcation locations
which can be hard to obtain and which often exhibit a wide vari-
ation in values. Another, probably more fruitful approach, is to
use pruning of the small branches of the intermediate skeletons,
for example by the method as is described in [39]. The major
advantage of this approach is that the topology does not need to
be known in advance; the disadvantage is that additional param-
eters are required to determine which branches are of interest to
follow and which branches should be disregarded.
To conclude, including prior shape information in vessel axis
tracking can effectively be achieved by analyzing the topology
of the evolving surface.
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